In this study, 1-norm, 2-norm, and quantile normalization techniques were evaluated to compare the effects of three different normalization methods on liquid chromatography-mass spectrometry (LC-MS)-based metabolomics data.
Introduction
A metabolomics profile can be affected by various environmental factors, including diet, and by unwanted errors resulting from various experimental conditions, sample preparation, and instrumentation. 1, 2 The unwanted errors influence the accuracy and precision of biological experimental conclusions, making it difficult to interpret experimental data. [1] [2] [3] Thus, to extract biological information from metabolomic data, errors arising from various experimental protocols must be removed prior to data analysis.
There are two types of error: bias and noise. Bias, resulting from systematic errors in experimentation, sample preparation, and instrumentation, is either independent of or dependent on the magnitude of the measured intensity. Noise often results from random errors in experimentation, sample preparation, and instrumentation. Both bias and noise lead to extraneous variability among replicate samples and can affect the accuracy and precision of biological research conclusions. 1 Bias can be removed by normalization, but noise cannot. Thus, although several normalization methods do reduce systematic errors to some degree, not all systematic error has been eliminated because some are random errors. 1, 2 To remove systematic errors, data normalization is an important step in the early stages of analyzing metabolomics data. [2] [3] [4] After removing systematic errors by normalization, biological differences can be more accurately distinguished. 5 Several normalization methods have been developed and widely used with microarray, proteomics, and metabolomics experimental data. 1, 4, 6 A common method is to compare different normalization techniques and to select the best technique to minimize the systematic error.
In metabolomic research, it is important to reduce systematic error in experimental conditions. To ensure that metabolomic data from different studies are comparable, it is necessary to remove unwanted systematic factors by data normalization. Several normalization methods are used for metabolomic data, but the best method has not yet been identified. In this study, to reduce variation from non-biological systematic errors, we applied 1-norm, 2-norm, and quantile normalization methods to liquid chromatography-mass spectrometry (LC-MS)-based metabolomic data from human urine samples after oral administration of cyclosporine (high-and low-dose) in healthy volunteers and compared the effectiveness of the three methods. The principal component analysis (PCA) score plot showed more obvious groupings according to the cyclosporine dose after quantile normalization than after the other two methods and prior to normalization. Quantile normalization is a simple and effective method to reduce non-biological systematic variation from human LC-MS-based metabolomic data, revealing the biological variance. The study was performed in accordance with the principles of the Declaration of Helsinki, a set of ethical principles regarding human experimentation, and the guidelines of Good Clinical Practice, an international quality standard that is provided by International Conference on Harmonisation (ICH) for regulations of clinical trials involving human subjects. This study protocol was approved by the Institutional Review Board of Kyungpook National University Hospital, Daegu, Republic of Korea. Written informed consent was obtained from all subjects before their participation in the study.
Data analysis
Metabolomic profiling of pre-dose and post-dose (high-dose and low-dose) urine samples was performed using LC-MS/MS analysis with a method validated for selectivity, sensitivity, accuracy, precision, and stability. [7] [8] [9] Metabolomics data for individuals were tabulated in a Microsoft Excel 2010 spreadsheet to create a matrix for principal component analysis (PCA) and statistical plots, including box plots and Quantile-quantile (Q-Q) plots. Using PCA, one of the projection-based methods, the multi-dimensional data table was converted into a low-dimensional model plane that approximates all observations. 10 The reduced degree of systematic error was evaluated using box plots and Q-Q plots. Graphically, the box plot is useful for comparing the distribution of several groups and their data. The width of the space of the box indicates the degree of dispersion and skews in the data and identifies outliers. As observed in the box plot, we translated the numerical data into visual data. 11, 12 In a Q-Q plot, two distributions are compared by plotting their quantiles (or percentiles) against each other. The quantiles for one distribution (the observed value) are plotted on the x-axis, and the quantiles for the other (the expected normal value) are plotted on the y-axis. If the two distributions are similar, their quantiles will also be similar, and the points will fall close to the x = y line. Any deviation from x = y reveals differences between the distributions. 13 Multivariate analysis of metabolomic data was performed using the SIMCA-P+ software (Ver. 12; Umetrics, USA) to obtain PCA score plots. The box plots and Q-Q plots were constructed using the SPSS software (Ver. 18.0 for Windows; 
2-Norm Normalizes by the sum of the squared value of all variables for a given subject. Returns a vector with unit length.
xi,j is the variable for subject i, x′i,j is the corresponding variable after normalization, j is a variable number, and n is the total number of variables. Fig. 1 Schematic depiction of the study design. Two doses of cyclosporine (200 mg and 2 mg) were orally administered in eight healthy volunteers. After a 7-day washout period, two doses were administered by the crossover manner. For metabolomic analysis, urine samples were collected 24 h before and after cyclosporine administration. SPSS). Normalization was performed using "R", an open-source software package (http://cran.r-project.org/). (Table 1) . For 1-norm normalization method, each variable is divided by the sum of the absolute value of all variables for a given subject and the original value is replaced by the resultant one. For 2-norm normalization method, each variable is divided by the sum of the squared value of all variables for a given subject and the original value is replaced by the resultant one.
Principle of normalization methods

Dong et al. (2007) proposed 1-norm and 2-norm normalization methods for diabetes II metabonomics analysis
The quantile method is to make two distributions identical in statistics properies. 1, 14, 15 As presented in Table 2 , the quantile normalization was performed by the following:
(1) Lists and assigns each of subjects to a column and metabolites to a row. 
Results and Discussion
LC-MS-based metabolomics data from urine samples collected from eight healthy volunteers before and after high-dose (200 mg) and low-dose (2 mg) cyclosporine administration were analyzed by three normalization methods. This was the first study to analyze metabolomics data by these three normalization methods. In Fig. 2 , score plots were provided from a two-dimensional projection of the multi-dimensional data, with the first two score vectors Principal component 1 (PC1) and Principal component 2 (PC2). Figure 2 shows that the quantile normalization method exhibited the most obvious grouping according to drug dose compared with the other two normalization methods and before normalization. PC1 and PC2 account for the largest variance in the data, respectively. Studies on proteomics data and microarray data by Callister et al. (2006) and Bolstad et al. (2003) compared other normalization methods, including central tendency, linear regression, locally weighted regression, cyclic loess, contrast-based methods, and quantile methods. They showed that quantile normalization was the best method in terms of speed and would be more suitable for reducing variability among the data. In this study, the 2-norm method revealed more separation among three groups than the 1-norm method. 16 Figure 3 shows comparisons of three normalization methods from box plots using individual data of metabolomic intensity. In the quantile normalization method, the variances, including outliers and extreme outliers, were reduced compared with the other normalization methods. Furthermore, median values of individual data showed the same distribution (Fig. 3d) . Figure 4 shows Q-Q plots and box plots for all the values of total metabolites of LC-MS-based metabolomics data using the three normalization methods. Quantile normalization methods showed the largest minimization of systematic errors compared with the other normalization methods and before normalization. In the quantile method, the straightest line was observed in the Q-Q plot, and no outlier was detected in the box plot.
Although all three methods reduced systematic errors to some degree, quantile normalization was the best method for reducing errors. Furthermore, the quantile normalization method was the simplest, fastest, and most convenient because an iterative normalization process was not required. 
Conclusions
In this study, we compared three normalization methods for analyzing metabolomics data and evaluated their potential to reduce systematic errors from the various experimental conditions, sample preparation, and instrumentation. The results showed that quantile normalization was a simple and effective method to minimize non-biological systematic variation in human MS-based metabolomics data, revealing the biological variance. 
